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Abstract

The vehicle routing problem is one of the most inguat issues in transportation.
Among these issues, competitive VRP is one of tbe woncepts that have
attracted the attention of many researchers. kn shidy we introduced a new
method for competitive VRP. In this method threedtiboundaries are given and
the probability of arrival time between each timeubd is assumed to be 1/3.
Based on this information, demands of each customilediffer in each time
window. Therefore, the revenue given in each tinmedaw is different. In this
paper we consider a project with two companies aityawith eight customers
and the best routing with maximum revenue is ddtexch
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1- Introduction

Transportation systems play an important role imows areas, such as investment, economics
and service systems. For this reason, investofigiald and manufacturers are interested in
improving transport routes in order to eliminate tinnecessary journeys and to choose better
routes. In addition, many problems, such as theeliiag salesman problem (TSP), vehicle
routing problem (VRP) and other similar problem® eesearched and developed using these
criteria. The vehicle routing problem (VRP) is angel term that is given to a category of
problems including vehicles that require statioftse first VRP was expressed by Dantzig and
Ramser (1959).

The most researched vehicle routing problem is ghbybthe capacitated vehicle routing
problem (CVRP). In the CVRP the number of customeiith specific demands, should be
supported from a depot by homogeneous vehicleskmitvn capacity. There are other kinds of
VRP that can be seen in the table 1:
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Tablel. Types of VRP

R Type Description
This type is characterized by the requirement tivatgroup or cluster of delivery customers hasetd b
1 Vehicle Routing Problem with | served before the first pick-up customer can bdteds Delivery customers are also denoted] as
Clustered Backhauls (VRPCB)| linehaul customers, pick-up customers as backhastbmers. In the literature this problem clas{ is
denoted as Vehicle Routing Problem (VRP) with Baakb.
2 VRPBV;EEh'\gLXEd(\I}E%hGEI)S and Unlike VRPCB, mixed visiting sequences are expliatlowed.
The deliveries and pick-ups are divided. Rathenp, wsits, one for delivery and one for pick-up dre
VRP with Divisible Delivery and pos'_sible. In‘this case, first a few customers sited for deIivery service onIy_, in order to emphe
3 Pick-up (VRPDDP) vehicle partially. Then, customers are visited vehgoods are delivered and picked up. At the ered] th
pick-ups are performed for the customers initialsited for delivery. A customer can either be teidi
once for both pic-up and delivery or twice, first for delivery ancthfor fick-up.
4 VRP with Simultaneous Every customer is associated with a linehaul (@ejiy as well as a backhaul (pick-up) quantitysiqi
Delivery and Pick-up (VRPSDP) imposed that every customer can only be visitedtbxance.
5 Pick-up and Delivery VRP Refers to problems where goods are transported frickrup to delivery points. The delivery arnd
(PDVRP) pick-up locations are not paired.
. ) The OVRP is very close to the CVRP. The differeheaveen the two problems is that in the OVRP
6 Open Vehlccl;evRRc')Dutlng Problem the vehicles do not have to return to the depatisTan OVRP can be solved as an asymmetric CYRP
( ) by setting distances and travel times from evesgamer to the depot to zero.
SDVRP can be considered as a generalization of C\WiRRhe SDVRP a customer may only pe
. serviced by a given subset of the vehicles, typidacause the access paths to the node do nat §llo
7 Site-Dependent VRP (SDVRP) given vehicles to pass, or because specific fasliare demanded in the vehicle (e.g. a freeging
compartment). Furthermore, vehicles do not nedtht@ the same capacity in the SDV
The MDVRP extends the CVRP by allowing multiple dep In the MDVRP each customer may pe
) serviced by a vehicle originating at any of theilatde depots. It requires that each request igasd
8 Multi-Depot VRP (MDVRP) to a specific depot. In general, this is a hardnoghtion problem of its own which needs to pe
handled together with the routing problem.
9 Multicriteria VRP (MVRP) ‘lI)'he Ml_JIticriteria vehicle routing problem (VRP)asVRP which allows several relevant objectiveq to
e achieved.
10 Perlg?é%l\éemhl(tltjlisRg;Jtmg In the PVRP, customers specify a service frequeanclysets of allowable combinations of visit dayd.
Dynamic Multi-Period Vehicle Routing Problem whideals with the distribution of orders fromja
11 Dynamic Multi-Period Vehicle | depot to a set of customers over a multi-perioce tinorizon. Customer orders and their feasple
Routing Problem (DMVRP) | service periods are dynamically revealed overtilifee objectives are to minimize total travel copts
and customer waiting, and to balance the daily vimskl over the planning horizon.
) ) . . In the split delivery vehicle routing problem (SDWRthe restriction that each customer is visijed
12 Split I%ellvery Vehicle Routing once is removed. Moreover, the demand of each westean be greater than the capacity of fhe
roblem (SDVRP) vehicles
The VRPTW is one of the most studied problems & fthld of combinatorial optimization. It is p
variant of the Vehicle Routing Problem (VRP). Awgadn to the VRPTW is a set of routes consistjng
13 Vehicle Routing Problem with | of a sequence of visits to customers, where easte ris assigned to a vehicle and all customersjare
Time Window (VRPTW) visited within their time windows. The total volunassigned to each route must not exceed|the
capacity of the vehicle. The challenge is findingpaution that minimizes the total amount of vebsc
used and distance traveled.
14 Vehicle Routing Problem with | Can be violated but this causes additional costs,the respective pick-up or delivery-activity mimt
Soft Time Window (VRPSTW) | has to be executed within the time window
15 Vehicle Routing Problem with | Do not allow any violations of the defined intejal.e. each pick-up or delivery activity has to pe
Hard Time Window (VRPSTV | generated inside ec time window
In the vehicle routing problem with stochastic ded®a vehicle has to serve a set of customers whose
. ) . exact demand is known only upon arrival at the aust’s location. The objective is to find [a
16 Vehicle Routing Problem with permutation of the customers (an a priori tour) thanimizes the expected distance traveled by Jthe

Stochastic Demands (VRPSD

vehicle. Since the objective function is computagity demanding, effective approximations of

it

could improve the algorithms ‘performance.
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Furthermore, the combination of the above methaashe seen as a kind of VRP. According
to the subject of this paper, we explain the coitipetvehicle routing problem with a time
window and vehicle routing problem with stochasligtnands separately.

2- Competitive Vehicle Routing Problem with Time Windows (VRPTW)

The vehicle routing problem with time windows (VRRT is an extension of the VRP
where a transfer of goods to a customer must be dithin a given set of intervalg,[t,], SO t
is the earliest and ts the latest allowable time that the transferusthdbe done. The VRPTW is
divided in two parts, called VRP with a soft timendow (VRPSTW) and VRP with a hard time
window (VRPHTW). The VRPSTW is free in the VRPHT44 the delivery of goods can be
transferred outside the time interval if a fine paid. However, in the VRPHTW, non
compliance from the time interval is strictly naitlaorized.

As a result of the significance of the servicees presented by other companies in the real
world, distribution companies design the routefladts with respect to the conditions of other
competitors for obtaining the maximum sale.

The competitive vehicle routing problem folloavsiew approach for VRPs, in which the cost
and distance of routes are minimized while the tityaof sales is simultaneously maximized.
This approach needs to review some other parameteris as competition between distributors,
customer decision factors and service time viditgdistributors for customers where the basic
VRP cannot reach proper solutions for these typessumptions.

The competitive vehicle routing problem is datiént version of the vehicle routing problem
with time windows that occurs in a competitive @amiment. In this situation, it is very
important to obtain the service time required teitvtustomers as if the vehicle presents the
service to customers later than its competitorpad of its sale will be lost. Therefore, the
distributor's delivery time to the customers infloes the amount of sales.

Solomon (1986, 1987) and Solomon et al. (1988)istutime window constrained routing and
scheduling problems in VRP. Golden et al. (1988{listd the methods used in VRP. Taillard et
al. (1997) proposed a Tabu search heuristic forvetgcle routing problem with soft time
windows. Cordeau et al. (2002) have a study on WA time windows. Geiger (2003)
proposed a genetic crossover operator for muléathje vehicle routing problem with soft time
windows. Tavakkoli-Moghaddam (2005, 2011) studieddti-criteria vehicle routing problem
and proposed a new mathematical model for a cotiygetiehicle routing problem with time
windows. Braysy et al. (2005) studied vehicle nogtproblem with time windows. Ombuki
(2006) also proposed multi-objective genetic alponi for vehicle routing problem with time
windows. Qureshi et al. (2009) introduced an exatttion approach for vehicle routing and
scheduling problems with soft time windows. Li (BQ1studied models and algorithms of
vehicle routing problems with time windows and stochastic travel and service times.
Baldacci (2012) proposed an exact algorithm for solving the vehicle routing Iplem under
capacity and time window constraints. Errico et(2013) studied the vehicle routing problem
with hard time windows and stochastic service timRatista et al. (2014) proposed a bi-
objective vehicle routing problem with time windaws

Table 2 describes the literature review of VRPTW:
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Table 2. Literature review of VRPTW

Authors Year Title Description
On the worst-case performance of some heuristicthéo
Solomon MM 1986 | vehicle routing and scheduling problem with timedow Variety of heuristics
constraints
Solomon MM. 1987 Algorithms forlthe.vehlcl.e routing and s.chedullrrghﬂem Insertion-Type Heuristic
with time windows constraints.
Golden BL and Assad AA 1984 Vehicle routing: methadd studies Modeling ar_ld
Implementation
Solomon MM, Desrosiers J 1988  Time window consgdirouting and scheduling problems Dial-a-Ride Fob
Taillard E et al. 1997 A tabu search heurlstlcfor thg vehicle routinglypeon with Tabu Search
soft time windows.
Cordeau JF et.al. 2002 The VRP with time windows Discrete M.atht.ematlcs and
Applications
A computational study of genetic crossover opesafor
Geiger MJ 2003 multi-objective vehicle routing problem with sofitnie Genetic Algorithm
windows.
Tavakkoli-Moghaddam R 2005 A multl-crl.terla vehlclg routing problen_1 with sdftne Simulated Annealing
et.al. windows by simulated annealing.
Vehicle routing problem with time windows, partdute .
Braysy O and Gendreau M 200p ! uting p. WIEh ime window iy P Local Search Algorithms
construction and local search algorithms.
Ombuki B, Ross BJ 2006 Multi-objective genetl(? algorlthm for vehicle rong Genetic Algorithm
andHanshar F. problem with time windows
. An exact solution approach for vehicle routing and . .
Qureshi AG et.al. 2009 X . Ut P . v . I . uting Dantzig-Wolf decomposition
scheduling problems with soft time windows
_ Vehicle routing problems with time windows and
Li X. Etal 2010 | stochastic travel and service times: Models andrétgn Tabu Search
. A new mathematical model for a competitive vehicle
Tavakkoli-Moghaddam R . o - . . .
v Iet alg 2011 routing problem with time windows solved by simelgt Simulated Annealing
o annealing
Baldacci R et al. 2012 Recent exact algorlthm for sollvmg the vehicle nmglt State-of-the-art exact
problem under capacity and time window constraints Algorithm
. The Vehicle Routing Problem with Hard Time Branch-price-and-cut
Errico F. Etal 2013 Windows and Stochastic Service Times Algorithm
Batista BM et.al. 2014 A bi-objective vehicle routlng. p“’b'e”? with time dows: Mixed integer linear Model
A real case in Tenerife
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3- Vehicle Routing Problem with Stochastic Demands (VRPSD)

The VRPSD is known as a NP-hard problem, in tviziosehicle with limited capacity leaves
the depot with a full load and has to serve a Seustomers whose demands are known only
when the vehicle arrives to them. A vehicle stdnten the depot and visits each customer
exactly once, and returns to the depot. This ikedan a priori tour. An a priori tour is a map
showing a vehicle's visits as a sequence of altedscustomers. In a given instance, the
customers should be visited based on the sequehtee a priori tour but the final route
includes the depot, including returns to the deguoen the vehicle needs reloading. The nodes
that vehicle uses to return to the depot are stiidladly expressed. Due to the difficulty of the
VRPSD and the fact that it is an NP-hard probleme, problem with n customers (n is big)
cannot be solved with an exact method in a reasensime. For this reason, some
approximation techniques weused for solving these kinds of problems. An ihisialution
of the VRPSD is a permutation of the customers liictvthe vehicle starts from the depot. To
find the route the vehicle makes, an initial pattick starts from the depot is considered. Based
on the demand of the next customer in the pathye¢héle can return to the depot for reloading
or it can continue with the next customer.

Sometimes the demand of a customer is less timhoad of the vehicle, and the vehicle
returns to the depot for reloading. This is caleelventive reloading. The preventive reloading
aims to avoid the risk of the vehicle to go to tlext customer without having enough of a load
to satisfy it. If this happens, the vehicle musthgak to the depot and, then, return to the same
customer.

Yang et al. (2000) studied on stochastic vehiclgting problem with restocking. Secomandi
(2001) proposed a rollout policy for the vehiclauting problem with stochastic demands.
Laporte ( 2002) proposed an integer L-Shaped dlgurifor the capacitated vehicle routing
problem with stochastic demands. Bent et al. (2088§lied dynamic vehicle routing with
stochastic requests. Bianchi et al.(2004, 2006pgsed some metaheuristics for this problem.
Chepuri et al. (2005) studied the problem by cerssepy method. Haugland et al. (2006)
studied on designing delivery districts for the iethrouting problem with stochastic demands.
Secomandi (2009) has a study on re-optimizationrdgghes for the vehicle routing problem
with Stochastic Demands. Ismail (2008) solved ttablem by Tabu search method. Mendoza
(2010) proposed a memetic algorithm for the mudtihpartment vehicle routing problem with
stochastic demands. Gupta (2012) has a study oroxppation algorithms for VRP with
stochastic demands. Marinakis (2013) studied otidRatiSwarm Optimization for the vehicle
routing problem with stochastic demands.

Table 3 explains the literature review &RSD:
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Table 3.Literature review of VRPSD

Authors Year Title Description
Yang, W. H. Et.al 2000 Stochastic vehicle routimgippem with restocking heuristic algorithms
. A Rollout Policy for the Vehicle Routing Problemttvi - .
Secomandi N. 2001 Stochastic Demands heuristic algorithms
Laporte G. 2002 An Ir\tegerL-Shaped Algorithm for the C?apacitated L-Shaped Algorithm
Vehicle Routing Problem with Stochastic Demands
BSZ:]ZH?;SK\I/D@ 2003 Dynamic Vehicle Routing with Stochastic Redsies X;g;?)l:cic(el\z/?;:?
Bianchi L et al. 2004 Metaheuristics for the Vghlcle Routing Problem with Metaheuristics Algorithms
Stochastic Demands
Chepuri K. and Homem-de+ Solving the Vehicle Routing Problem with Stochasti¢ Cross-Entrony Method
Mello T. 2005 Demands using the Cross-Entropy Method Py
Bianchi L Et.al. 2006 Hybrid Metaheu_rlstlcs for th.e Vehicle Routing Prel Hybrid Metaheuristics
with Stochastic Demands
Designing delivery districts for the vehicle rowin
Haugland D. Et.al 2007 problem with stochastic demands Tabu Search
lsmail Z 2008 Solving the Vehicle Routing Problem with Stochastic Hybrid Genetic Algorithm-
’ Demands via Hybrid Genetic Algorithm-Tabu Search Tabu Search
Secomandi N. 2009 Reoptimization Approaches for. the Vehicle-Routing Partial Reoptimization
Problem with Stochastic Demands
Mendoza J.E. et.al 2010 A memetlc.algorlthm for t.he multl-compartment vdaic MemeticAlgorithm
routing problem with stochastic demands
Constructive Heuristics for the Multicompartment . -
Mendoza J E. et.al 2011 Vehicle Routing Problem with Stochastic Demands| classical 2-Opt heuristic
Technical Note - Approximation Algorithms for VRP . .
Gupta A. 2012 with Stochastic Deman Cyclic Heuristic
Particle Swarm Optimization for the Vehicle Routing
Marinakis Y. Et.al. 2013 Problem with Stochastic Demands PSO Algorithm

In this paper we will use a very simple kind ofc$tastic demands problem. As the demands
of each customer are not the same and vary over tim

4- Problem Definition

The problem is proposed in case there are tafilalitors in a city. Furthermore, there are a
number of customers within the city that are scatteOne of the distributors, for example A,
wants to get more revenue so it's necessary ftw ithoose the best path to service more
customers than the othdistributor,B. Thus, A obtains the range time of a rival theitssto
every customer. Then designs a VRPTW problem irchiiti can sell its products before its
rival. Therefore, the models are introduced asfdahewing:

Assumptions:

All vehicles are homogenous with specific capacity.

Each customer is serviced only with one vehicle @migl once in each period.

The demand of each customer must not exceed tlaeicapf each vehicle.

Each vehicle starts from the depot and visits abamof customers until its capacity is finished.

If a vehicle arrives at a customer before its ritatan satisfy all demands of that customer. If
that vehicle arrives at a customer with its riviatree same range time, it can satisfy half of the
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demands of that customer. Finally, if that veh&tdaves at a customer after its rival and range
time, it loses that customer. Furthermore, arriviiiga customer in these three situations is
probabilistic with a probability of 1/3.

Setsand indices:

I: set of customers ={1, 2, ..., n} i, j: indek@ustomers
K: set of vehicles ={1, 2, ..., nv} k: index eéhicles
Parameters:

n: number of customers

t;: lower bound of rival’s arrival time to customer i
tui: upper bound of rival’s arrival time to customer i
tgi: actual distributor’s vehicle arrival time to coster i

Di: demand of customer i
nv:number of vehicles
Cap: capacity of vehicle k

T maximum travel time of vehicle k

ti: required time for serving customer i by vehicle k

tj: required time for traveling from customer i tbyj vehicle k
Cj:travel cost between customer i and j

R: profit of selling each unit of product

Desicion variables:

Xix=1 if vehicle k travels between customer i gnd

xix=0  otherwise

myi=1  if vehicle k serves customer i in rangestif@, )

my=0  otherwise

Nk =1 if vehicle k serves customer i in rangestift, t.]

n=0  otherwise

0x=1 if vehicle k serves customer i in rangedtift, t,;+ ], Ve>0
ox=0  otherwise

tgi actual distributor’s vehicle arrival time tostomer i

Tables (4) and (5) describe the mathematical model.

Table 4.Probability of arrival and demand of customer i

©, %) [ti, tl | (tu, tit €]
Probability of arriv: 1/3 1/3 1/3
Demand of custome D, Di/2 0

Model:
So the problem is formulated as follows:
n n nv n nv
R D;
nzz Cl]xl]k _§Z (Dimik +7nik> (1)
i=1j=1k=1 i=1k=1
S.t.:
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k=1 i=1k=1

Xijk < Capy, VkeK (7)

j=1
mik+nik+oik=1, Viel (8)
n
le'lk:]., VkeK (9)
i=2
Xijk» Mik> Nk, Oj A€ binary tqi =0 (10)

Table 5. Description of constraints

Number of o
constraints Description
(1) Objective functior minimizes totacost and maximizes total prc
(2)& (3) Ensure that each customer is serviced from onlyehécle.
(4) States that if a vehicle arrives to a customenuist leave i
Shows that total time of servicing time to custoireand traveling time bween
(5) customer i and j , must not exceed from maximune tihat vehicle k can be
used.
(6) Calculate the time of arriving to j th custol
Ensure that demand of each customer do not exceedchpacity of eac
(7) vehicle
(8) States that each vehi arrives to customer only in one of three time ra
(9) Shows that each vehicle returns to d
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5-Numerical Examples

We suppose that there are eight customers dityaand two vehicles in the depot, so with
simulated data the routes for each vehicle ardajisd on the above figure. Therefore, the vehicle 1
____»" has a tour (depot,4,3,8,depot) and vehigl* __, " has a tour (depot,2,5,depot). Thes, f
maximizing profit, the distributor does not havestrvice customers 1, 6 and 7. The time to service
to each customer is demonstrated in table 6:

Table 6. Time of service to each customer

Custome | Vehicle| (0,) [t tuil (tuituite)

1 - 0 0 1
2 2 1 0 0
3 1 0 1 0
4 1 0 1 0
5 2 1 0 0

6 - 0 0 1
7 - 0 0 1
8 1 1 0 0

The objective function value for this mbide-1145.

1
[

>»E w
/1
[ |

~ """X'

/ \\\A
[ | | |
2 6 8

Fig 1. model results of numerical example

6-Conclusion

According to this paper, the idea of competitVRP with stochastic demands is modelled.
In this study we introduced a new method for coritipet VRP. In this method three time
boundaries  are given and the probability ofvattime between each time bound is assumed to
be 1/3. Based on this information, demands of eardtomer will differ in each time window.
Therefore, the revenue given in each time windodifferent
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